Chronic Obstructive Pulmonary Disease (COPD) is a complex human disease which is driven not only by genetic factors, but also by various environmental variables, such as gender, age and smoking. Therefore, there is a demand for investigating the complexity among various risk factors involved in COPD. In this study, 44 tagging SNPs from EPHX1, GSTP1, SERPINE2 and TGFB1 were selected and genotyped in 310 COPD cases and 203 controls, all of which belong to the Han from North China. We integrated functional prediction algorithms of nonsynonymous SNPs (nsSNPs) into Bayesian network to explore the complex regulatory relationships among disease traits and various risk factors. The results showed that three basic variables (age, sex and smoking) were risk factors of COPD-related trait and phenotype. Besides these environmental risk factors, deleterious nsSNPs were found to perform better than those of significant synonymous SNPs when used as variables to make risk prediction of disease outcome. This study provides further evidences for detecting the complexity of COPD in Northern Chinese Han Population.
INTRODUCTION
Chronic Obstructive Pulmonary Disease (COPD) is an inherently heterogeneous disorder. Within a given individual, there may be varying contributions of emphysema, chronic bronchitis, and long-term smoking. Although smoking is the important environmental risk factor, the existing reports show that only 10% of the chronic heavy smokers develop symptomatic COPD (Sethi and Rochester, 2000; Snider, 1989) . Recently, a series of studies have implicated that COPD represents a complex disease with genetics contributions from multiple genes. For example, Vibhuti et al. (2007) approved that 113H/139H alleles of mEPHX and 105V/114V alleles of GSTP1 and the combination of genotypes with same alleles are associated with imbalanced oxidative stress and lung function in COPD patients. A genome-wide linkage analysis in the Boston Early-Onset COPD study suggested that SERPINE2 may be associated with the COPD-related phenotypes (Palmer et al., 2003; Silverman et al., 2002) . Similarly, the association analysis of the family-based data showed significant association of multiple SERPINE2 single nucleotide polymorphisms (SNPs) with COPD related-phenotypes, which was confirmed by Mak et al., 2009; Su et al., 2005) than in European (van Diemen et al., 2010; Wu et al., 2004) . Given the large differences in genetic background of Asians and Europeans (Li et al., 2008; Zhao and Lee, 1989) , it is important to provide further evidences related to these distinct populations to detect the complexity of COPD.
In recent years, genome-wide association studies (GWAS) have become an increasingly effective tool to identify genetic variation associated with the risk of complex diseases . However, currently identified genetic variants collectively can explain only a small proportion of disease phenotypic variance, and the noise causes many of identified signals are false positive loci. A noteworthy observation is that the major source of identification genetic variants associated with complex diseases is based on single base changes in the DNA sequence, some of which lead to the alterations in protein structure and function (Cavallo and Martin, 2005) . It is therefore suggested that not all of the SNPs are equally functionally important. Generally, SNPs occurring in coding regions and causing an amino acid substitution or insertion of a stop codon are defined as nonsynonymous SNPs (nsSNPs). Amino acid substitutions might affect the formation of the protein in any step from DNA replication to post-translational modifications of the protein and could result in substantive changes in the protein structure and function. We can see that these nsSNPs are likely to affect the function of the proteins accounting for susceptibility to complex disease for their altering the encoded amino acid sequence. For example, Stenson et al. (2008) approved that among all of genetic changes involved in human diseases, half of which are attributed to nsSNP variants. Therefore, focus on those nsSNPs might help to identify the true susceptibility loci of complex diseases. In the present study, we genotyped 44 tagging SNPs spanning four genes (EPHX1, GSTP1, SERPINE2 and TGFB1) as candidate genetic factors of COPD, and attempted to determine the association of them in Chinese Hans. To reflect the functional difference between nonsynonymous and synonymous SNPs, we performed the separated analysis for them.
Despite growing evidence for genetic importance of COPD-related traits, it is noteworthy that the findings about genetic contributions to COPD can only explain a small proportion of disease phenotypic variance because these disease traits are driven not only by genetic factors, but also by various environmental factors and their intricate interactions. It is therefore suggested that the challenge task is to characterize how the complex interactions among the environmental variables, genetic factors, and quantitative traits leading to the disease outcome. In the present study, we applied Bayesian network analysis to address this issue. As a promising tool, Bayesian network has been widely used to construct probabilistic graphical models among different variables (Neil et al., 2005) . Compared with other methods, Bayesian network has the advantage of uncovering conditional independency among variables, which provides a good way to survey direct interaction of variables (Neil et al., 2005) . To explore the importance of nonsynonymous SNPs and synonymous SNPs in predicting COPD risk, we constructed two Bayesian networks using deleterious nonsynonymous SNPs predicted by three functional prediction algorithms and significant synonymous SNPs extracted by single association analysis, respectively. In addition, we used variables selected by Bayesian networks to perform risk prediction with logistic regression analysis. Our study provides a new insight into the genetic and environmental mechanism of COPD-related trait and phenotype.
MATERIALS AND METHODS
Study subjects We recruited 310 unrelated COPD patients aged 40-75 years from the respiratory outpatient clinics at 12 hospitals in Beijing from October of 2007 to March 2009 (An et al., 2011) . The entry criteria were as follows: physician-diagnosed COPD; pulmonary function test showing post-bronchodilator forced expiratory volume in one second (FEV 1 )/forced vital capacity (FVC) of less than 0.7 and FEV 1 of less than 0.8 predicted (The Global Strategy for the Diagnosis, Management and Prevention of COPD, Global Initiative for Chronic Obstructive Lung Disease (GOLD) 2006); and, no evidence of primary asthma or other respiratory diseases. Our control group comprised of 203 subjects with the same age range, which was recruited from the medical examination center at the same 12 hospitals during the same period as the case group. They have no respiratory symptoms history and exhibit normal pulmonary function of FEV 1 /FVC of more than 0.7 and FEV 1 of more than 0.8 predicted. Written informed consent was obtained from every participating subject, and the study protocol was approved by the research ethics boards of all participating hospitals.
Genotyping of SNPs
Because linkage disequilibrium (LD) naturally exists in the human genome, a small number of tagging SNPs are sufficient to capture most of the genetic variation in high LD regions (Johnson et al., 2001) . We selected our tagging SNPs according to the following three steps (An et al., 2012) . Firstly, we listed the SNPs that previously showed significant relationship with COPD and its related phenotypes. Secondly, we directly downloaded the genotype data for the genes EPHX1, GSTP1, SERPINE2 and TGFB1 and their promoter regions from the public HapMap database using the Haploview software (Haploview, version 4.1; release 21; CHB+JPT panel). Then, we selected the tags according to their ability to tagLD blocks using Tagger program Detecting the COPD in Chinese Han Population from Haploview (Castaldi et el., 2009 
1) VarioWatch
This program incorporates 6 databases and can use different criteria to predict the function of the variant. The input is in the form of chromosome number and position, and it outputs predictions in terms of five risk levels including very low, low, medium, high and very high. In this analysis, we quantified these risk levels as five values: 0.2, 0.4, 0.6, 0.8 and 1 respectively. The first two risk levels were considered as tolerant and the last three levels were considered as deleterious (Chen et al., 2008) .
2) SIFT
This program use a multi-step, sequence homology-base algorithm to predict tolerated and deleterious substitutions for nsSNPs. SIFT prediction is based on the evolutionary conservation of the amino acids within protein families. A highly conserved position is tending to be intolerant to substitutions, whereas a lowly conserved position should appear to tolerate most substitutions (Kumar et al., 2009) . SIFT predicts an nsSNP to be 'damaging' (0.00-0.05) or to be 'tolerated' (0.05-1.00).
3) PolyPhen-2
Different from SIFT program which utilizes the protein structure information, PolyPhen-2 predicts functional effects of nsSNPs using eight sequence-based and three structure-based features (Adzhubei et al., 2010) . Sequence-based features include whether the variant is in an active or binding site while structural components include whether the variant alters the polarity of the structure, potentially changing the hydrophobic core of a protein, or its interactions with itself or other proteins. PolyPhen-2 calculates the naïve Bayes posterior probability of an nsSNP and classifies it into 'benign' (0-0.2), or 'possibly damaging' (0.2-0.85), or 'probably damaging' (0.85-1) groups. We can see that the higher PolyPhen-2 score indicates the greater 'damaging' effect. Note that the SIFT score shows the opposite trend in which the lower SIFT score implies the greater 'damaging' effect. In other words, the relationships between two functional effect scores (SIFT and PolyPhen-2) and their 'damaging' effects show an opposite trend. In order to keep the positive correlation of these two scores, we therefore used "1-SIFT" to express the functional effects of nsSNPs in the following result section.
In the present study, we considered those nsSNPs as deleterious nsSNPs when at least two programs predicted them as 'deleterious' or 'damaging'.
Construction of Bayesian networks
To further explore the roles of COPD-related environmental factors and genetic factors, we constructed Bayesian networks to dissect the complex regulatory relationships among these factors. A Bayesian network is a graphical model that encodes probabilistic relationships among variables of interest. Let X = {x 1 , x 2 , ···· x n } be a set of variables. A Bayesian network over a set of variables is defined as a network structure S, which is a directed acyclic graph (DAG) over X and a set P of local probability distributions. The Bayesian network S encodes the assertions of conditional independence, i.e., each variable x i is independent of its non-descendants, given its parents in S. In the present study, we allow the nodes fed into the Bayesian network contain the followings: Environmental variables (age, sex, and smoking), COPD phenotype and SNPs. Where, we classified those patients with > 5 cigarettes of pack-years into smoking group, and other patients into non-smoking group. On the other hand, we know that SNPs often regulate disease-related quantitative traits which lead to the manifestation of disease phenotypes. Therefore, we allow COPD-related quantitative trait (FEV1) come into Bayesian network. Specially, we also want to examine whether the roles of deleterious nsSNPs are more important than synonymous SNPs in the network, we therefore constructed four Bayesian networks in which the nodes were described as following: 1) BN1: Environmental variables (age, sex, and smoking) + COPD phenotype + deleterious nsSNPs; 2) BN2: Environmental variables (age, sex, and smoking) + COPD phenotype + significant SNPs (p < 0.01); 3) BN3: Environmental variables (age, sex, and smoking) +FEV1+ deleterious nsSNPs; 4) BN4: Environmental variables (age, sex, and smoking) +FEV1+ significant SNPs (p < 0.01). The conditional likelihood of the variables given their parents is represented in a Bayesian network by using Gaussian conditional densities. Under the assump- Note: #nonsynonymous SNP (nsSNP); *p < 0.05; **p < 0.01. Detecting the COPD in Chinese Han Population tion of parameter independence, an initial Bayesian network structure S is learned from the training data. From this initial network, greedy search algorithm with random restarts is performed to get the highest score posterior network to avoid local maxima. Finally, an optimized Bayesian network that maximizes the Bayesian factor is obtained using heuristic search of the network space in a specified domain. Note that some edges in the network might not be interpreted biologically; we exclude those edges that connect SNPs to environmental variables. The Bayesian networks were constructed using BNarray package of R software (http://www.r-project.org).
In addition, to validate our method, for those SNPs involved in each of Bayesian networks, we also used logistic regression models based on PLINK software to explore their epitasis interactions contributing to COPD phenotype. In this analysis, p < 0.05 indicates a significant epitasis interaction effect between two SNPs.
Prediction of COPD phenotype
It is of great interest to use variables selected by Bayesian networks to perform risk prediction of COPD. In the present study, we applied four logistic regression models to predict the COPD risk; the variables included in the models are as following:
Model 1 To compare the performance of prediction accuracy, we calculated the sensitivity, specificity, positive predictive value, negative predictive value and area under receiver operating characteristic (ROC) curve-AUC to examine the discrimination of different logistic regression models. Logically, logistic regression model including risk factors selected by Bayesian network should facilitate a better risk prediction than other models.
Comparison of classification performances
To validate whether the nsSNPs altering the amino acids in important positions are more risk than general SNPs, we defined two SNP groups: one is the SNP group with 8 nonsynonymous SNPs, and the other is the SNP group with 8 significant risk SNPs (p < 0.05). We applied four classifiers: naïve Bayes (John and Langley, 1995) , k-Nearest Neighbor (kNN) (Gutin et al., 2002) , Support Vector Machine (SVM) (Furey, 2000) , and Random Forests (RF) (Pang et al., 2006) to compare the classification performances of these two SNP groups when they were taken as predictor variables to classify samples. We used 5-fold cross validation to assess the classification accuracy rate of these different machine-learning methods. All samples are divided into five sets and in each analysis one set are considered as testing data, whereas the others are training data. We set k at three in k-Nearest Neighbor program and took Radial Basis Function (RBF) as the kernel function in the Support Vector Machine program. For Random Forests program, 5,000 trees were constructed.
RESULTS
Prediction of the potential functional effect scores of nsSNPs From 44 tagging SNPs, we found that rs729631 and rs975278 were significantly associated with COPD and the spirometry-related phenotype after Bonferroni correction. They were located within 2.79 kb of each other and were in strong linkage disequilibrium (LD) with an r 2 value of 0.978 in HapMap (CHB+JPT) data and were found to be in strong LD with an r 2 value of 0.848 in our study, and this region is approved a significant association with the risk of COPD by previous studies . In a family-based and population-based association study, Zhu and colleagues reported that COPD-related SNPs (rs16865421, rs6748795, rs975278, rs729631 and rs6734100) were also located in the same region (Zhu et al., 2007) . Among 44 tagging SNPs genotyped, 8 nsSNPs were found to have potential functional effect scores predicted by VarioWatch, 1-SIFT or PolyPhen-2. As a result, five nsSNPs (rs1051740, rs1009668, rs1138272, rs1695 and rs6712954) are classified as deleterious by VarioWatch, two nsSNPs (rs1051740 and rs1138272) and one nsSNP (rs6712954) are predicted deleterious by 1-SIFT and PolyPhen-2, respectively (Table 2) . It is also noted that a certain number of nsSNPs have very disagreement predicted scores using three different programs, which probably due to gene annotation errors or insufficient sequence evidence. The highest agreement was observed between 1-SIFT and PolyPhen-2 with a relative ratio agreement of 2/3, followed by the agreement between VarioWatch and 1-SIFT with a relative ratio agreement of 3/5, and the lowest agreement was seen between VarioWatch and PolyPhen-2 with a relative ratio agreement of 1/4. While previous studies have investigated the correlations between the 1-SIFT scores and PolyPhen-2 scores with Spearman's rank correlation coefficients, and significant correlations were found between these two scores (Zhu et al., 2008) . According to be called 'deleterious' or 'damaging' by two programs at least, rs1051740 (EPHX1), rs1138272 (GSTP1) and rs6712954 (SERPINE2) are more likely to be potentially damaging than other variants which are likely benign. Interestingly, with Chi-square tests based on genotypes, rs1051740 and rs6712954 were not found to be significant (p = 0.2056 and p = 0.2016 respectively) despite of their clearly damaging effects predicted.
In the present study, we incorporated three deleterious nsSNPs (rs1051740, rs1138272 and rs6712954) into the construction of Bayesian networks.
Construction of Bayesian networks
In this analysis, we constructed Bayesian networks from four variables combinations as described in MATERIALS AND METHODS. While deleterious nsSNPs predicted by two programs at least are rs1051740, rs1138272 and rs6712954, and the genotype-based Chi-square tests show the five SNPs-rs41266229, rs975278, rs382076, rs729631 and rs1138272 are significantly different between the COPD cases and controls (p < 0.01). The Bayesian networks constructed from four nodes combinations named BN1, BN2, BN3 and BN4 were displayed in Fig. 1 (a-d) , respectively, along with their corresponding probability tables. In each of Bayesian networks, an edge specified as node1→node2 indicates that node2 is a direct cause of node1.
From Fig. 1 , we found that age, sex and smoking are substantial environmental risk factors of COPD phenotype and COPD-related quantitative trait (FEV1). This result agrees with the analysis performed by Kojima et al. (2005) , in which they showed age and smoking were strong risk factors for COPD under the standard diagnostic criteria. By analyzing the genetic risk factors of COPD phenotype, it appeared that two deleterious nsSNPs (rs1138272 and rs6712954) in BN1 (Fig. 1a) and four significant SNPs (rs729631, rs3820766, rs1138272 and rs41266229) in BN2 (Fig. 1b) were associated directly with the risk of COPD phenotype. It is interesting to note that rs6712954 shows a clearly association with COPD phenotype in BN1 despite of its insignificant pvalue (p = 0.2016) based on genotype test, and this association is approved by Kim et al. (2009) . Moreover, from BN2 we see rs975278 is a direct cause of rs729631. Indeed, rs729631 and rs975278 were found to be in strong LD with an r 2 value of 0.848, and this region was approved a significant association with the risk of COPD by previous studies. Although some interactions in the networks might be caused by LD, we can find other valuable interactions between SNPs from the constructed Bayesian networks. For example, from BN1, we found that rs1051740 (EPHX1) interacted with rs1138272 (GSTP1) or rs6712954 (SERPINE2). When we used PLINK software to explore their epitasis interactions, these interactions were also found to be significant: rs1051740 (EPHX1) × rs1138272 (GSTP1) (p = 0.015), and rs6712954 (SERPINE2) × rs1051740 (EPHX1) (p = 0.035). It has been reported that high EPHX1 activity was associated with an increased risk for lifetime asthma which varied by GSTP1 Ile105Val genotype (Salam et al., 2007) . In addition, some SNPs showing more interactions with other SNPs in BN2 and BN4 can be explained by LD on one hand, and on the other hand, these interactions approved by epitasis interactions might be potential interactions between genes, such as rs975278 (SERPINE2) × rs41266229 (EPHX1) (p = 0.011). Although there are still some interactions which can't be approved by available evidences, it has been suggested that our method has great potential to detect novel gene-gene or gene-environment interactions affecting COPD susceptibility, severity, and response to treatment. It is noted that only one nsSNP (rs1138272) in BN3 (Fig. 1c) and four significant SNPs (rs3820766, rs975278, rs729631 and rs1138272) in BN4 (Fig. 1d) connect the COPD-related trait (FEV1) directly. This result was approved by a linear regression analysis for FEV1 with age, sex and pack years of smoking as covariates. We found that rs1138272, rs729631, rs975278 and rs3820766 also exhibited a significant association after Bonferroni correction. While rs975278 was associated with the lower FEV1 (β = -0.281, p Bon = 0.015), and rs729631 also presented strong association with the lower FEV1 (β = -0.205, (An et al., 2012) . Note that rs1138272 is a genetic risk factor not only for COPD phenotype but also for quantitative trait FEV1, which is supported by the interactions between exposure to air pollution and GSTP1 (rs1138272) for development of childhood allergic disease (Melén et al., 2008) . Furthermore, although BN1 and BN2 are associated with COPD phenotype whereas BN3 and BN4 are associated with FEV1 trait (in this sense BN1 and BN2 are different from BN3 and BN4), it is worth noting that one nsSNP (rs1138272) and three significant SNPs (rs3820766, rs1138272 and rs729631) were shared by Bayesian networks constructed using COPD phenotype and FEV1 trait. On one hand, this result can be explained by the strong association between COPD phenotype and FEV1 trait (Hersh et al., 2006) ; and on the other hand, recent advances in genetic studies found that To validate our results, we also performed two additional Bayesian network analyses, which are i) using low LD (independent) SNPs as nodes (Supplementary Fig.   Fig. 1 . Four Bayesian networks constructed with different nodes combinations, along with their corresponding probability tables: a) BN1: environmental variables (age, sex, and smoking) + COPD phenotype + deleterious nsSNPs; b) BN2: environmental variables (age, sex, and smoking) + COPD phenotype + significant SNPs (p < 0.01); c) BN3: environmental variables (age, sex, and smoking) +FEV1+ deleterious nsSNPs; d) BN4: environmental variables (age, sex, and smoking) +FEV1+ significant SNPs (p < 0.01). In each of Bayesian networks, an edge specified as A→B indicates that B is a direct cause of A. For example, the direction of arrow from COPD to smoking (COPD→smoking) presented in BN1 indicates that smoking is the cause of COPD. S1); and ii) using deleterious nsSNPs, significant SNPs (p < 0.01), and low LD (independent) SNPs as nodes ( Supplementary Fig. S2 ). To decrease network computation complexity, and assure the enough independent of SNPs, we used 0.3 of r 2 (LD value) as cutoff to filter SNPs. Eight low LD (independent) SNPs were extracted, they were: rs1877724, rs2234922, rs2854450, rs6734100, rs2118409, rs1009668, rs868966 and rs2260863. From Supplementary Figs . S1 and S2, we can find that among 8 low LD SNPs, only 1 nsSNP (rs2234922) and 1 significant SNP (rs6734100) are associated with COPD phenotype and FEV1 trait synchronously, which approves our results that deleterious and significant SNPs are more important and sensitive than other common SNPs in contributing to disease. In other words, significant SNPs and nonsynonymy SNPs are all worthy focused on in genetics association studies.
Prediction of COPD phenotype using variables selected by Bayesian networks In this study, we applied four logistic regression models as described in MATERIALS AND METHODS to predict the COPD risk. We calculated the sensitivity, specificity, positive predictive value, negative predictive value and area under ROC curve (AUC) of four logistic regression models for detecting COPD (Table 3) . As expected, logistic regression models including risk factors selected by Bayesian networks performed a better risk prediction than other models (Fig. 2) . For example, the AUC score increased 8.1% from model 1 to model 2, and 0.5% from model 3 to model 4. Note that model 2 shows the best prediction accuracy (AUC score: 85.3%) whereas the remaining three models only show a slight difference in prediction, which suggests that environmental variables and deleterious nsSNPs are more sensitive and specific in predicting disease, and Bayesian network can further this power.
Comparison of classification performances
The classification results are completely consistent with what we expected, and four classifiers all showed that the SNP group with 8 nonsynonymous SNPs was more powerful than the other group when used as predictor variables to classify samples (Fig. 3) . This result supports our hypothesis and can indicate that some nsSNPs altering the amino acids in important positions and resulting in functional change of the corresponding proteins might contribute to disease phenotype. The sensitivity, specificity, positive predictive value, negative predictive value, and area under ROC curve (AUC) for two SNP groups used to detect COPD in four classifiers were shown in Table 4 .
Note that for both of SNP groups, Random Forests classifier performed better (86.7% for SNP group with 8 nsSNPs, compared with 69.0% for SNP group with 8 significant SNPs) than other three classifiers. Specially, it is often interest to know which of SNPs are important in classification in Random Forests program. There are two measures of importance in Random Forests, the mean decrease in accuracy and the mean decrease Gini index (MDG) (Pang et al., 2006) . In this analysis, we used MDG to measure the risk of a SNP. Greater MDG will indicate that the degree of impurity arising from category could be reduced farthest by a SNP, and thus suggests an important SNP. We ranked 8 nsSNPs according to their MDG (Supplementary Table S1 ), and found that rs6712954 ranked first with the largest MDG (MDG = 0.7824), followed by rs1138272 (MDG = 0.6932). Interestingly, this result agrees with the constructed Bayesian network (BN1), in which rs1138272 and rs6712954 are successfully identified as two deleterious nsSNPs associated with the risk of COPD phenotype.
DISCUSSION AND CONCLUSION
In this study, we provided the different genotyping data of the relationship between four genes (EPHX1, SERPINE2, GSTP1, and TGFB1) and COPD phenotype in Chinese Han population. Considering those currently identified genetic variants can explain only a very small proportion of disease phenotypic variance, it has become a popular belief that complex disease traits are driven not only by significant SNPs, but also by functional SNPs. On the other hand, nonsynonymous SNPs can produce a different peptide sequence; they are more likely to be disease causal variants than synonymous SNPs. As a result of causal SNPs' small effect size (mean OR < 1.4 for most common human diseases) and the multiple testing burden, the results of many association studies including a mass of SNPs are actually false positives (Kang et al., 2011) , which causes the difficult replication of genetic association studies. Some biology evidences indicate that SNPs do not directly cause diseases; instead, they often regulate disease-related quantitative traits such as gene expression, which in term lead to the manifestation of downstream disease phenotypes. We therefore incorporated three functional prediction algorithms of nsSNPs into Bayesian network to explore the complex regulatory relationships among disease traits and various risk factors. In fact, if a SNP is highly associated with disease phenotype and related to functional information, this SNP is more likely to be a true disease association signal. Our results support that three basic variables (age, sex and smoking) are substantial risk factors of COPD-related trait (FEV1) and phenotype. Moreover, deleterious nsSNPs were found to perform better than those of significant synonymous SNPs when used as variables to make risk prediction of disease outcome. We compared our study with others and noted that few of the previous studies mentioned the discrimination of nsSNPs and synonymous SNPs in the association with COPD disease. Despite of the inevitable prediction errors, predicting disease phenotype using our methods might provide a good way to explore the relationship between risk factors and susceptibility to COPD.
Using Bayesian network, it is encouraging to observe the association of the SERPINE2 (rs6712954, rs729631, 73.7-82.9) Detecting the COPD in Chinese Han Population rs3820766 and rs975278) and GSTP1 (rs1138272) with the COPD in Chinese Han population. In fact, for genes SERPINE2 and GSTP1, there are many previous reports approving their association with COPD. SERPINE2 has been shown to inhibit several trypsin-like serine proteases, including thrombin, urokinase, and plasmin, which play important roles in inflammation and wound repair following tissue injury (Baker et al., 1980; Scott et al., 1985) . Moreover, it has been reported that the expression of SERPINE2 was up-regulated by interlukin-1β, tumor necrosis factor-α and transforming growth factor-β, which have been suggested to be involved in the development of COPD (Mbebi et al., 1999; Vaughan and Cunningham, 1993) . Although the physical function of SERPINE2 in COPD and emphysema has not yet been fully resolved, it is suggested that SERPINE2 may play an important role in the pathogenesis of COPD. For another COPD-related gene GSTP1, it has been reported that 105V/114V alleles of GSTP1 are associated with imbalanced oxidative stress and lung function in patients (Vibhuti et al., 2007) . Similarly, DeMeo et al. (2007) concluded that the apical-predominant emphysematous destruction is influenced by polymorphisms in the xenophobic enzymes of GSTP1. In summary, Han Chinese shares the same COPD susceptibility genes of SERPINE2 and GSTP1 with Europeans. The association of these two genes with COPD needs to be validated in more ethnic groups and in larger populations. Furthermore, by comparing the Bayesian network topologies obtained from the deleterious nsSNPs and significant synonymous SNPs (besides rs1138272) respectively, it appears that COPD-related trait and phenotype are driven by these different types of SNPs. Note that nsSNPs are more closely associated with COPD phenotype, suggesting that it is important to consider those functional loci altering the amino acids in important positions involved in those COPD-related genes even if they were insignificant in single association analysis. Therefore, our approaches are useful to understand the COPD mechanism in the case of COPD susceptibility genes even for a relative small sample. For example, one nsSNP downstream of EPHX1 (rs1009668) resulting in replacement of valine with methionine at amino acid position 622, was approved to be significantly associated with the change in FEV1. This SNP which is associated with the increased percent emphysema and the reduced bronchodilator responsiveness (BDR) among COPD patients may have a role in COPD pathogenesis (Kim et al., 2009 ). Future investigation is to develop more models that incorporate different functional prediction scores into genetic and environmental factors and make the risk identification become more robust.
It is pointed out that the three programs (VarioWatch, SIFT and PolyPhen-2) used to predict the function of nsSNPs on protein structure and activity in our analysis are main representatives in silico approaches. Although it has been reported that the false positive error in SIFT and PolyPhen-2 are only 19% and 9%, respectively (Ng and Henikoff, 2006) , the prediction accuracy of silico algorithms was highly affected by interference of redundant motifs and the accuracy of phenotype information. Therefore, the phenotype of nsSNPs predicted as deleterious or damaging effect needs to be clarified in future studies by computation and experiment. In addition, we have to point out the limitation of our study in which SNPs used in this analysis can not reflect the causative alleles completely for some uncontrolled reasons. However, our study can help researchers to find the associated alleles (genes) to COPD, or these alleles (genes) might be potential signals in genome-wide association analysis. Moreover, the aim of our study is to find the complex interaction relationship between functional SNPs and environmental factors using Bayesian network, which can help detecting the potential interactions of multiple polymorphisms or environment factors thus may be important to understand the biology and biochemical processes of the disease etiology. In the future, we will consider extend the number of SNPs to perform our study, including a genome-wide association study, if possible.
It is noteworthy that the sample size of our study was relatively small, which might cause the insufficient efficacy of our discoveries. We performed the power calculation using GeneticsDesign package of R software with the following conditions: frequency of A (protective) allele, 0.15; significance level, 0.05; prevalence of COPD, 10% according to the epidemiological study carried by Mannino (2002) ; and genetic model, additive. For the given sample size, the statistical power was nearly 80% (78.5%). In response to the relative small sample size, we incorporated the functional effect scores of nsSNPs and Bayesian network into genetic analysis to improve statistical power. It is encouraging to observe some significant results. Besides, note that we performed genotype-based Chi-square test in association analysis to keep consistent with our further analysis, including Bayesian network construction, logistic regression and classification analysis. In fact, the allele-based test is more sensitive than genotype-based Chi-square test in identifying significant SNPs. In the present study, the significant SNPs identified by allele-based test and genotype-based test respectively are completely consistent, and the correlation coefficient between p-values acquired with two kinds of tests is up to 0.871 (p < 0.001). We believe that the allele-based test will be helpful when applying association tests to a great number of SNPs, which will be considered in our future study to confirm these discoveries.
In conclusion, our results contribute to the knowledge base of risk factors to COPD-related trait and phenotype, particularly in the East Asian population. Certainly, the genetic heterogeneity between the study populations could have contributed to the different results of the different population-based association studies. Further researches are warranted to confirm the observation and identify the exact environmental and genetic risk factors involved in COPD pathogenesis.
